

  sustainability-14-14840




sustainability-14-14840







Sustainability 2022, 14(22), 14840; doi:10.3390/su142214840




Article



The Impact of Urbanization on Carbon Emissions and Spatial–Temporal Differentiation Based on Meta-Analysis in China



Ang Li 1, Xiaofan Li 1,*, Yi Li 1[image: Orcid], Hui Wang 2 and Hong Zhang 2





1



School of Business and Economics, Wuhan Institute of Technology, No. 206, Guanggu 1st Road, Wuhan 430025, China






2



Yinchuan Central Sub-Branch, The People’s Bank of China, No. 215, Beijing East Road, Yinchuan 750001, China









*



Correspondence: lixiaofa100@wit.edu.cn







Academic Editor: Silvia Fiore



Received: 12 September 2022 / Accepted: 8 November 2022 / Published: 10 November 2022



Abstract

:

Urbanization and carbon emissions have received more attention in the context of “double carbon”, but the existing research on the relationship between the two has not reached a consistent conclusion. By introducing meta-regression analysis, based on the existing research results, this paper retests the relationship between urbanization and carbon emissions, and discusses the reasons for the differences in previous research results from the perspectives of publication bias and research heterogeneity. The results show that (1) urbanization in China has a strong positive impact on carbon emissions and meets the inverted U-shaped Kuznets curve relationship, and (2) there are significant temporal and spatial differences in the impact of urbanization on carbon emissions in China. Temporally, the positive impact is the strongest in the first decade of the 21st century, and in regional terms, the positive impact is the strongest in the eastern region. In addition, the selection of indicators will not interfere with the measurement of the impact of urbanization on carbon emissions.
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1. Introduction


From a global perspective, the rapid development of urbanization not only promotes economic growth, but also leads to ecological and environmental problems such as energy consumption and pollution emissions. Among them, climate change such as global warming caused by carbon dioxide emissions is one of the most challenging problems facing human society today. In the process of urbanization, changes in multiple dimensions, such as economic scale, energy structure, industrial structure, and residents’ consumption level, directly or indirectly affect energy demand, resulting in a substantial increase in coal-based primary energy consumption and ultimately large-scale carbon emissions. In 2014, the U.S. Environmental Protection Agency announced that human activities in urban areas are the world’s largest source of carbon dioxide emissions. Urban areas consume about 60% of the world’s energy and emit about 70% of human society’s CO2 [1]. Since the reform and opening up in 1978, China has experienced a rapid urbanization process, which has largely contributed to the rapid development of China’s economy as well as rapidly growing carbon emissions. At present, China has become the world’s largest carbon emitter, and the Chinese government faces considerable international pressure to reduce carbon emissions. Reducing carbon emissions is China’s responsibility as a large country contributing to addressing climate change. The results of China’s seventh national census show that in 2020, the urbanization rate of China’s permanent population reached 63.9%, which is still in a period of rapid development of 30% to 70%. China’s urbanization rate still has a certain gap compared with that of developed countries, and it is expected that China’s urbanization will continue in the near future. Therefore, a correct understanding of the impact of urbanization on carbon emissions will be important for the formulation of China’s carbon emission reduction policies and the achievement of carbon emission reduction targets. “Carbon emission reduction” is an inevitable requirement for China’s economy to achieve green transformation and promote high-quality development. In this regard, China has made it clear that it will be guided by new development concepts, promote high-quality economic development, and promote a comprehensive green transformation of economic and social development. China will work hard to achieve the peak of carbon dioxide emissions by 2030, strive to achieve the goal of carbon neutrality by 2060, and make greater contributions to the global response to climate change [2]. In this context, it is necessary to study the impact of China’s urbanization on carbon emissions. This is not only conducive to realizing the coordination among economy, population, energy, and environment, and promoting the sustainable development of urbanization, but also conducive to the smooth realization of carbon peaking and carbon neutrality goals.



Scholars have carried out many empirical studies on the relationship between urbanization and carbon dioxide emissions. After reviewing the existing literature, we found that the existing empirical studies have not reached a consistent conclusion on the relationship between urbanization and carbon dioxide emissions. Some studies posit that there is a positive relationship between urbanization and carbon emissions [3,4,5,6], but some studies show that there is a negative relationship between urbanization and carbon emissions as well [7,8]. Some studies also show that the impact of urbanization on carbon emissions is nonlinear. For example, Zarzoso and Maruotti consider the heterogeneity of different countries and believe that the relationship between urbanization and carbon emissions is an inverted U-shaped relationship that increases first and then decreases [9]; Qiu found that the relationship between the two is characterized by an inverted n-type [10,11]. In addition, some scholars such as Ji and Asumadu Sarkodie found that the impact of urbanization on carbon emissions is not significant [12,13]. It is difficult to draw a useful and consistent research conclusion on urbanization and carbon emissions according to these empirical results. In this situation, a meta-analysis is necessary to provide a single estimate of the effect of urbanization on carbon emissions computed as the weighted average of the study-specific effect estimates. Differences in sample characteristics, research designs, data sources, and the selection of indicators in different studies may lead to different empirical conclusions. For example, in the selection of data indicators, if the carbon emission coefficient of the Energy Research Institute of the National Development and Reform Commission (NDRC) is used to calculate carbon emissions [14], the average value of China’s carbon emissions estimate in 2010 is about 1.724 billion tons. However, if the IPCC carbon emission coefficient is used [15], the average value is about 2.271 billion tons, which is 31.74% (547 million tons) higher than the carbon emission coefficient of the National Development and Reform Commission Energy Research Institute. In addition, the difference in the selection of urbanization level indicators also produces significant differences in the estimation results of carbon emissions [16].



To summarize, most of the existing studies try to examine the impact of urbanization on carbon emissions by selecting different calculation coefficients, estimation methods, observation samples, etc., but due to the inconsistency of research perspectives and dimensions, consistent estimates cannot be obtained. Therefore, this paper systematically sorted out related studies on the impact of urbanization on carbon emissions to explore the real relationship between them and draw a unified conclusion. Based on the existing research, this paper attempts to introduce the relevant theories of evidence-based medicine, use the meta-regression analysis method, systematically study the consistency of the impact of urbanization on carbon emissions according to the existing literature, and quantitatively analyze the main factors that lead to the difference in the research results, so as to provide a reference for subsequent research and energy conservation and emission reduction. Meta-analysis is a statistical method used to compare and synthesize research results on the same scientific question. Through the integrated analysis of all research results, the effect of research variables can be estimated more accurately than a single study, and it is helpful to explore the consistency of the evidence and the differences between the studies. When the results of multiple studies are inconsistent or have no statistical significance, meta-analysis can be used to obtain statistical analysis results that are close to the real situation.




2. Materials and Methods


2.1. Meta-Regression


The meta-regression method is derived from the meta-analysis statistical method in the evidence-based medicine field, for example, to estimate the effect and risk of medical prevention, treatment, and rehabilitation; to provide more reliable diagnostic test accuracy calculation; or to provide more reliable estimates of causes and risk factors. It is a review method that comprehensively and quantitatively analyzes the correlation between variables by applying statistical methods to the statistical indicators contained in the relevant research results. Compared with other methods, the term meta-analysis refers to the analysis of the data obtained from a collection of studies that answer similar research questions. These studies are known as primary studies. Meta-analysis uses statistical methods to produce an overall estimate of an effect, explore between-study heterogeneity, and investigate the impact of publication bias or, more generally, small-study effects on the final results. Meta-regression is an application branch of meta-analysis statistical method in economics. Therefore, the meta-regression method has the general function of meta-analysis, but also has particularity. First, it can resolve the differences in research results and reveal the real relationship between the research variables. Secondly, it enlarges the sample size, so it solves some problems in small sample study. As a quantitative empirical research method, meta-regression analysis takes the heterogeneity of the regression model in the sample literature as the independent variable, and the comprehensive statistical index estimation results of the existing literature research conclusions are used as the dependent variable for multiple regression. It can effectively identify changes in empirical results caused by differences in specific characteristics of statistical methods, model errors, and research datasets, and measure the degree to which these factors affect inconsistent research results [17].



The basic model of meta-analysis is:


   Y i  = β +   ∑   j = 1  n   α j   X  i j   + ε    (  i = 1 , 2 , 3 , … , I  )   



(1)







In model (1), Yi represents the estimated value of a key variable in the i-th document; the independent variable Xij is an important explanatory variable of the study. The coefficient αi is the deviation effect of a characteristic variable of the existing literature and other literature, and ε is the random disturbance term. When performing meta-regression, it is necessary to focus on two aspects: first, the influence of sample heterogeneity on the regression results; second, the heteroscedasticity between samples may lead to model validity. The first problem can be solved by adding dummy variables that characterize the sample, and the second problem can be solved by weighted regression with the sample size as the weight.




2.2. Sample Selection


The basis of meta-regression analysis is to collect and screen the original research literature comprehensively and accurately [18]. We choose China to be a sample region because China is currently the country with the largest carbon emissions in the world and China has experienced a rapid urbanization process since 1978. In order to ensure the validity and reliability of the research data and improve the quality of meta-analysis, the samples analyzed in this paper are based on the collection of relevant literature from different online databases such as Elsevier, Springer, and CNKI.



The method of collecting research samples in this paper is as follows: with “urbanization”, “carbon emission”, or “urbanization level” as topics or keywords, relevant papers were searched on the databases, and screened according to the research topic. (1) In order to ensure the homogeneity of the included studies, both “urbanization” and “carbon emissions” must be included in the title or keywords of the literature, and the content of the article involves changes in carbon emissions caused by urbanization. (2) The literature must be an empirical study, and the t-value, standard error of regression coefficient, or other data indicators of the effect size of urbanization on carbon emissions must be reported in the regression results for meta-regression. (3) Elimination of theoretical literature of literature review or case analysis does not meet the empirical research requirements of this paper. Samples must be independent between studies. (4) If the samples between the two studies are the same, select the study with more detailed report content or a larger sample to be included in the analysis. After screening, a total of 49 valid studies were finally obtained (see Table 1 for details) [16,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,61,62,63,64,65].



In common empirical studies, regression models are usually established to analyze the impact of urbanization on carbon emissions, and the coefficients of urbanization on carbon emissions are used to indicate the size of the effect. As a meta-analysis, the elastic coefficient of the impact of urbanization on carbon emissions is selected as the effect size. Then, 51 effective statistical effect sizes are obtained. The extraction criteria for effect size information is as follows. (1) When multiple models and empirical conclusions appear in a paper, the optimal estimation result preferred by the author or the estimation result with the highest goodness of fit (R2) of the model was selected. (2) When the literature uses different explained variables, such as total CO2 emissions (TCO2), per capita CO2 emissions (PCO2), and CO2 emission intensity (GCO2), or uses different standard explanatory variables (such as the proportion of urban permanent population to the total population, non-agricultural household registration population), or if the optimal model estimation result is not specified in the text, all estimation results in the same paper can be used as a sample to calculate the required effect size. According to this standard, 51 effective effect values suitable for meta-regression analysis were extracted from the 49 selected studies.




2.3. Model Settings


In order to examine which factors affect the effect of urbanization on carbon emissions, we adopted the following meta-regression model:


  e l a s t i c i t  y  i j   =  β 0  +   ∑   k = 1  K   γ K ′   Z  i j k   +  ε  i j      (  k = 1 , 2 , … , K  )   



(2)







  E l a s t i c i t  y  i j     is the elasticity coefficient of the impact of urbanization on carbon emissions in the j-th estimate of the i-th document.    Z  i j k     is a series of heterogeneous variables related to model design that cause differences in empirical results of different studies, such as sample data characteristics, variable index selection, control variables, etc. Most of these variables are discrete, and they are assigned in the form of virtual binary variables.    ε  i j     is a random disturbance term.



2.3.1. Explained Variable


In meta-regression, the effect size represents the strength of the phenomenon, that is, the strength of the independent variable affecting the dependent variable. Stanley and Doucouliagos pointed out that, different from the effect size based on experimental results in the field of medicine or psychology, in the field of economics, the effect size of meta-regression analysis should be an economic indicator to measure the relationship between variables. It should contain certain economic significance, such as correlation coefficient, elasticity, marginal rate of change, etc. [66]. In studies that empirically test the impact of urbanization on carbon emissions, the following regression equation is generally used:


   ln C = ln a +  β 1  ln P   +  β 2  ln A   +  β 3  ln U   +  β 4  ln T   +   ∑   j = 1  K   δ j   X j   + ε  



(3)







In Formula (3), C represents the carbon emission (carbon emission intensity) of the study area, P represents the population (population density), A represents the per capita wealth, U represents the urbanization level, and T represents the energy intensity (technical level). Different studies have slight differences in the selection of the above variables. X is the control variable. Since Formula (3) takes logarithmic processing of each variable, its regression coefficient β is the elastic coefficient of the influence of the independent variable on the dependent variable, indicating the degree of response of the dependent variable to the change in the independent variable. The elastic effect size has no unit, does not need to consider the order of magnitude, and has a certain economic meaning, which can adequately express the internal connection of economic phenomena. Therefore, this paper adopts the elasticity coefficient of the impact of urbanization on carbon emissions as the explained variable (effect size).




2.3.2. Explanatory Variables


The independent variables of the meta-regression were selected from those factors that led to differences in the results of the literature. These factors include sample data characteristics, variable selection and index construction variables, and publication characteristics (year of publication). Since there are many factors that affect the bias of estimated results, it is necessary to be as comprehensive as possible when setting independent variables. The detailed variable descriptions and statistical descriptions are given in Table 2.



	(1)

	
Data characteristic variable







For the sample size of the literature data, we use the collected literature sample sizes to examine the influence of the size of the regression samples on the heterogeneity among studies. The year of publication was used to examine the influence of publication characteristics of the research sample on the heterogeneity. The sample starting time and sample ending time, which are centered around the year 2008, and the time span of the sample study reflect the time structure effect of urbanization on carbon emissions. The year 2008 was chosen as the base year because since then, China has announced plans to develop a low-carbon economy. The geographic location of the research sample is assigned a dummy binary variable according to the three different regions of the mainland, eastern region, or central and western regions of China to investigate the impact of the regional structure effect of heterogeneity. Data type is used to examine whether differences in data types lead to differences in regression results.



	(2)

	
Indicator Construction Variables







In the existing literature, different scholars have constructed different proxy indicators to measure the level of urbanization and carbon emissions. In this paper, the index construction variable is set to explore the heterogeneity of the primary studies. The proxy indicator of urbanization level has four types: (a) the proportion of city permanent population, (b) the proportion of non-agricultural population according to China’s registered residence system, (c) the index synthesized by the author, and (d) the proportion of city built-up area. Carbon emissions are assigned to three different indicators: (a) total CO2 carbon emissions (TCO2), (b) per capita CO2 carbon emissions (PCO2), and (c) CO2 carbon emission intensity (GCO2). When calculating energy carbon emissions, IPCC coefficient, NDRC energy coefficient, conversion coefficient, and other conversion coefficients are also used in order to assign values.



	(3)

	
Control variable







In addition to the urbanization level, this paper collects and incorporates common control variables in the sample literature as other factors affecting carbon emissions, including coefficient of GDP per capita, coefficient of energy intensity, coefficient of population, and coefficient of proportion of secondary industry to study whether the selection of these control variables affects the meta-regression results.






3. Results


3.1. The Main Effect of Urbanization on Carbon Emissions


Table 3 reports the main effect meta-regression results of the impact of urbanization on carbon emissions in China. The arithmetic mean of the elasticity coefficient (Elasticity_UR) is 0.392; that is, on average, every 1% increase in the urbanization level will lead to an increase of 0.392% in carbon emissions. Using the arithmetic mean method to calculate the main effect and assigning the same weight to samples of different sizes will ignore the difference in sample size and reduce the accuracy of the estimation results. The fixed-effects model or random-effects model can effectively improve the accuracy of statistical estimation. Since the meta-regression in this paper uses a random effect model, the random effect is used to calculate the mean of the main effect, and the mean value of the elastic coefficient regression is 0.360. The above regression results show that there is a positive correlation between urbanization and carbon emissions in China’s mainland. Referring to the definition of Doucouliagos, if the absolute value of the main effect of the partial correlation coefficient is between 0.07 and 0.17, it is considered that the impact of urbanization on economic growth is small, and if it is greater than 0.33, it is considered that the impact is large. A value between 0.17 and 0.33 is considered moderate [67]. The main effects were higher than 0.33 for both fixed-effects and random-effects models. Therefore, in general, China’s urbanization has a positive impact on the increase in carbon emissions and has a greater degree of impact.



In order to test whether there is a nonlinear environmental Kuznets curve between China’s urbanization and carbon emissions, we studied the effect of the quadratic variable of urbanization on carbon emissions. The results in Table 3 show that the arithmetic mean and random effect mean of the quadratic term of urbanization on the carbon emission elasticity coefficient (Elasticity_UR) are −0.104 and −0.057, respectively, and the elasticity coefficient corresponding to the quadratic term of urbanization is negative. It shows that the relationship between China’s urbanization level and carbon emissions satisfies the inverted U-shaped Kuznets curve relationship.



In order to assess the heterogeneity caused by study design and conduct, we use subgroup meta-analysis of indicator construction variables and data type in Table 4. The Q statistic of urbanization, CO2, calculation, and data_type are 0.91, 4.59, 0.75, and 2.54, respectively. None of them are statistically significant, which means study design and conduct variables have no heterogeneity between groups. However, as Table 4 shows, studies using variables calculated by the proportion of non-agricultural population in urbanization, GCO2 and TCO2 in CO2, NDRC coefficient in carbon emissions, time series data, and panel data report different statistically significant effects.




3.2. The Spatial–Temporal Differentiation Effects of Urbanization on Carbon Emissions


3.2.1. Temporal Differentiation Effects


Column (1) in Table 5 reports the hierarchical regression estimation results of the time coverage of the selected samples in the literature on the impact of urbanization on the carbon emission elasticity coefficient. The regression coefficient of the variable SampleStartTime is −0.029, which is significant at the 10% significance level.



This result shows that, other things being equal, the impact (elasticity coefficient) of China’s urbanization on carbon emissions obtained by the regression estimation declined over time, which is shown more obviously in Figure 1. The above results reflect the time structure effect of China’s urbanization on carbon emissions: urbanization has a stronger effect on carbon emissions at the beginning of urbanization, but after 2008, the promoting effect of urbanization on carbon emissions was significantly weakened. In the early stage of urbanization, large-scale rural populations flowed into cities and towns, the proportion of secondary and tertiary industries in the existing industrial structure gradually increased, and people’s living and consumption patterns became more and more carbonized. At this stage, the scale effect of urbanization has not yet formed, so it shows that urbanization has a positive impact on carbon emissions. After the development of urbanization to a certain stage, the scale effect and technology diffusion effect brought by urbanization gradually appeared and played a positive role, which together led to the slowing down of the promotion effect of urbanization on carbon emissions [68].




3.2.2. Spatial Differentiation Effects


Column (2) in Table 5 reports the hierarchical regression estimation results of the impact of urbanization on the carbon emission elasticity coefficient by the geographic location of the selected samples in the literature. The regression coefficients of the eastern region and the central and western regions are 0.394 and −2.117, respectively, and central and western regions is significant at the 10% level. This shows that the estimation of the elasticity coefficient of urbanization and carbon emissions in the central and western regions is lower than in the mainland, and there is no difference between the eastern region and the mainland. Table 6 shows the subgroup meta-analysis between mainland China, the eastern region, and the central and western regions. It shows that the effect between groups varies greatly, with 0.966 in mainland China, 1.280 in the eastern region, and −1.291 in the central and western regions, but with no significant difference. These results should be treated with caution because the sample number of the eastern region is only five and that of the central and western regions is only four. The results of this paper are consistent with the research results of Xu, which shows that affected by the initial natural conditions of the region and policy conditions such as reform and opening up, the level of urbanization in eastern China is the highest, and population resources and important industries are concentrated in developed cities in the east, resulting in higher carbon emissions [69]. Urbanization has a significant positive impact on the growth of carbon emissions in the eastern region, and the coefficient of influence is relatively large. The eastern region is the fastest-growing region in China’s urbanization process, and it is also the first to enjoy “preferential development” policies such as reform and opening up. The proportion of output value, per capita wealth, and population of the secondary industry with high energy consumption is much higher than that of the central and western regions, which has promoted the rapid growth of carbon emissions in the eastern region and formed a huge scale of carbon emissions.




3.2.3. Influence of Other Factors


Column (3) in Table 5 reports the common control variables of the regression affecting the effects of urbanization on carbon emission. It shows that the coefficients of PGDP and En_Tech are significant, with 0.244 and −0.152, respectively. With a 1% increase in PGDP, the effect of urbanization on urbanization increases by 0.244%, and with a 1% increase in energy technology level, the effect of urbanization on urbanization decreases by 0.152%.






4. Discussion


4.1. Publication Bias Test


Meta-regression analysis uses the existing literature as the research sample, and the research results are greatly affected by the sample literature. Therefore, it is necessary to test the possible publication bias to improve the accuracy of the results.



Publication bias refers to the subjective preference of researchers and journal editors for research results during the publication process of articles, which often tends to lead to positive research results that are more likely to be published in journals [70]. The appearance of publication bias will greatly reduce the accuracy of meta-analysis: publication bias may lead to the inclusion of literature in meta-analyses that are not comprehensive enough to effectively reflect the real situation of the question to be evaluated, especially in the field of economic research [71].



We first tested for publication bias by means of a funnel plot. Funnel plots are a classic graphical method for qualitatively measuring publication bias. A funnel plot is a scatterplot of individual effect sizes. The horizontal axis is usually the standardized effect size—in this case, the elastic coefficient—and the vertical axis is the elastic coefficient standard deviation. Generally speaking, scatter points with small sample sizes and low precision tend to be distributed at the bottom of the funnel plot and have a wider width. With the increase in the sample size and the improvement of the precision, the scatter points gradually tend to be distributed at the top of the funnel plot, the width is smaller, and there is a tendency to concentrate in the middle. If there is little or no publication bias, the scatter points will be symmetrically distributed along the center line, forming a funnel shape. Otherwise, publication bias may exist [72].



As shown in Figure 2, the scatter points in the funnel plot are mostly concentrated at the top, and the overall distribution is symmetrical along the midline, and there is a certain degree of right bias. This result shows that the publication status of each literature containing different research conclusions on the relationship between urbanization and carbon emissions in China is generally good. However, the positive and significant empirical results of the impact of urbanization on carbon emissions may be easier to publish.



Since funnel plot symmetry only relies on visual inspection to judge publication bias, which is highly subjective, in order to ensure the accuracy and rigor of the results, Stanley and Doucouliagos proposed to use the funnel symmetry detection method to further test and correct publication bias. This method is used in this paper to express the elastic coefficient as a linear function of its standard deviation, as follows:


  e l a s t i c i t  y  i j   =  β 0  +  β 1  s e . e l a s t i c i t  y  i j   +  ε  i j      (  k = 1 , 2 , … , K  )   



(4)







Among them, the coefficient β1 represents the degree of publication bias, and the constant term β0 represents the true effect of urbanization on carbon emissions after removing publication bias. The subscripts i and j represent the j-th estimation result of the i-th sample. In order to improve the robustness of publication bias detection, we further tested publication bias by a rigorous funnel symmetry test. In the test results, the regression coefficient β1 of the constant term is 0.53 and is not significant. That is, there is no obvious publication bias in the publication process of the research on the relationship between urbanization and carbon emissions in China.




4.2. Sensitivity Test Caused by Other Factors


Subgroup testing is one of the commonly used methods for analyzing main effect moderating variables in meta-analysis. The subgroup test was divided into groups according to the size of the potential moderator variable, and the comprehensive effect value of each group was statistically tested to explain whether there was heterogeneity among moderator variables. The subgroup test results are shown in Table 7. The results show that:



	(1)

	
There was no significant difference in the effect value between the fixed-effects model and the non-fixed-effects model in the literature model (Qb = 1.13, p > 0.1). It shows that the choice of literature model does not play a moderating role in the relationship between urbanization and carbon emissions.




	(2)

	
Grouped by the time span of the research samples in the literature, the effect size of a group with a large time span is 0.315, the effect size of a group with a small time span is 0.144, and the difference between the two is significant at the 1% significance level (Qb = 4.76, p < 0.05). It shows that the smaller the time span of the research sample, the stronger the positive relationship between urbanization and carbon emissions.




	(3)

	
The average sample size in the research literature is 180, the effect size of the large sample group is −0.079, and the effect size of the small sample group is 0.308; there is no significant difference between the two effect sizes (Qb = 0.5, p > 0.1). It shows that the size of the sample has no effect on the positive relationship between urbanization and carbon emissions.








4.3. The Verification of the Results


To analyze whether there is any study affecting the meta-analysis results, a leave-one-out forest plot graph is shown in Figure 3. For each study, the displayed effect size corresponds to an overall effect size computed from a meta-analysis excluding that study. Figure 3 shows that all the overall effect sizes from the leave-one-out meta-analysis are close to the overall effect size vertical line, and their CI lines intersect with the vertical red line based on all the studies, which means that there are no studies that substantially influence the results of our meta-analysis.





5. Conclusions


Regarding the relationship between urbanization and carbon emissions, the existing literature has not reached a unified conclusion. In order to explore the real relationship between the two, we selected 49 valid documents and organized 51 conclusions that meet the research requirements by using a meta-analysis in a new perspective. The meta-regression model was used to analyze the factors that affect the difference in empirical research conclusions. The results of the meta-analysis reveal some conclusions. (a) There is a strong positive effect of China’s urbanization on carbon emissions, with a mean value of 0.360, and carbon emissions satisfy an inverted U-shaped Kuznets curve relationship. (b) China’s urbanization had a stronger effect on carbon emissions at the beginning of urbanization and then significantly weakened since 2008 at a rate of 0.028 per year, when China announced the pursuit of a low-carbon economy. (c) The estimation of the elasticity coefficient of urbanization and carbon emissions in the central and western regions is lower than in the mainland with a rate of −2.117. (d) We also found that GDP per capita has a positive effect on carbon emissions, with a coefficient of elasticity of about 0.244, while energy technology level has a negative effect on carbon emissions, with a coefficient of elasticity of about 0.152. This result further emphasizes the importance of developing low-carbon technologies in the process of urbanization.



This research is limited to assessing urbanization’s contribution to carbon emissions in China. Further research can also be carried out on urbanization in other countries and its impact on carbon emissions, and compare differences between countries to draw more general conclusions. This research contributes uniquely to the existing literature by analyzing urbanization’s impact on carbon emissions through meta-analysis. This research offers a guideline for other researchers in this field.
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Figure 1. The bubble plot of the effect size. 
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Figure 2. Funnel plot of the main effect of urbanization on carbon emission. 
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Figure 3. The leave-one-out forest plot of the main effect [16,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65]. 






Figure 3. The leave-one-out forest plot of the main effect [16,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65].



[image: Sustainability 14 14840 g003]







[image: Table] 





Table 1. Characteristics of the sample studies.
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Characteristics

	
Indicators

	
Number of Studies

	
Number of Regressions






	
Urbanization measurement

	
Proportion of city permanent population

	
32

	
92




	
Proportion of non-agricultural population according to China’s registered residence system

	
8

	
50




	
Index synthesized by the author

	
5

	
15




	
Proportion of city built-up area

	
4

	
9




	
Calculation method of carbon emissions

	
Total CO2 carbon emissions (TCO2)

	
39

	
120




	
Per capita CO2 carbon emissions (PCO2)

	
6

	
21




	
CO2 carbon emission intensity (GCO2)

	
4

	
25




	
Coefficient for calculating carbon emissions

	
IPCC coefficient

	
28

	
94




	
NDRC coefficient

	
3

	
15




	
Conversion coefficient

	
11

	
43




	
Other coefficient

	
7

	
14




	
Data type

	
Panel data

	
38

	
149




	
Time series data

	
11

	
17
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Table 2. Descriptions of meta-regression analysis variables.
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Variable Symbol

	
Sample Source Literature Variable Measurement

	
Obs.

	
Mean

	
Std. Dev.






	
Effect size

	

	

	

	




	
Elasticity_UR

	
The elastic coefficient of the impact coefficient of urbanization on carbon emissions

	
51

	
0.392

	
1.424




	
Elasticity_URsquared

	
The elastic coefficient of the influence coefficient of urbanization quadratic term on carbon emissions

	
25

	
−0.104

	
0.349




	
Data characteristic variable

	

	

	




	
Sample_size

	
Sample size used in literature

	
50

	
326.360

	
468.706




	
Year

	
Year of publication

	
51

	
2013.725

	
1.674




	
Sample_start_time

	
The starting year of the samples used in the literature after centralization with 2008

	
51

	
−11.510

	
10.886




	
Sample_end_time

	
The ending year of the samples used in the literature after centralization with 2008

	
51

	
7.255

	
4.878




	
Time_duration

	
Sample data time span

	
51

	
19.765

	
9.645




	
Geographic location

	
Whether the sample belongs to mainland China, eastern region, or central and western regions

	
20

	
0.650

	
0.813




	
Data_type

	
Whether the data are panel data or time series data

	
50

	
1.860

	
0.351




	
Indicator Construction Variables

	

	




	
Urbanization_Measurement

	
The urbanization measurement shown in Table 1

	
51

	
3.098

	
1.005




	
C_emissions_method

	
Calculation method of carbon emissions shown in Table 1

	
51

	
2.667

	
0.653




	
C_Coefficient

	
Coefficient for calculating carbon emissions shown in Table 1

	
51

	
2.333

	
1.244




	
Control variable

	

	

	




	
PGDP

	
Coefficient of GDP per capita in sample literature

	
46

	
−1.556

	
14.763




	
En_tech

	
Coefficient of energy technology level in sample literature

	
33

	
0.092

	
0.890




	
Population

	
Coefficient of population in sample literature

	
26

	
1.056

	
0.744




	
Industrial structure

	
Coefficient of proportion of secondary industry in sample literature

	
25

	
0.208

	
0.331
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Table 3. Main effect of urbanization on carbon emission.






Table 3. Main effect of urbanization on carbon emission.










	Project
	Urbanization
	Square Term of Urbanization





	Number of articles
	15
	7



	Number of effect values
	51
	24



	Mean
	
	



	Simple mean
	0.392
	−0.104



	Random effects mean
	0.360
	−0.057
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Table 4. Main effect of urbanization on carbon emissions in different subgroups of study design and conduct.






Table 4. Main effect of urbanization on carbon emissions in different subgroups of study design and conduct.





	
Group

	
Studies

	
Effect

	
Q

	
tau2

	
%I2

	
H2






	
Urbanization




	
Proportion of urban population

	
22

	
0.482

	
5410.700 ***

	
2.810

	
99.950

	
2215.020




	
Proportion of non-agricultural population

	
28

	
0.163 ***

	
1170.230 ***

	
0.026

	
92.440

	
13.230




	
CO2




	
GCO2

	
5

	
0.194 ***

	
4.060

	
0.001

	
11.020

	
1.120




	
PCO2

	
7

	
0.320

	
1117.600 ***

	
1.281

	
99.920

	
1293.680




	
TCO2

	
38

	
0.382 *

	
2689.840 ***

	
1.451

	
99.870

	
778.530




	
Calculation




	
IPCC

	
21

	
0.402

	
2944.410 ***

	
1.617

	
99.880

	
807.270




	
NDRC

	
14

	
0.157 ***

	
668.43 ***

	
0.035

	
93.980

	
16.60




	
Conversion

	
12

	
0.227

	
549.26 ***

	
2.537

	
99.900

	
1044.56




	
Other

	
3

	
0.008

	
14.31 ***

	
0.007

	
88.060

	
8.38




	
Data_type

	

	

	

	

	

	




	
Time series data

	
7

	
1.390 *

	
3271.09 ***

	
3.846

	
99.950

	
2115.580




	
Panel data

	
43

	
0.193 ***

	
4051.86 ***

	
0.066

	
97.870

	
47.040




	
Overall




	
Theta

	
50

	
0.361 **

	
7494.75 ***

	
1.176

	
99.890

	
877.900








Note: ***, **, and * indicate that the coefficients are significant at the statistical level of 1%, 5%, and 10%, respectively.













[image: Table] 





Table 5. Effect of urbanization on carbon emissions in meta-regression.
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	Dependent Variable

Elasticity
	(1)

Temporal
	(2)

Spatial
	(3)

Control





	Geographic location
	
	
	



	Eastern China
	
	0.394
	



	
	
	(1.032)
	



	Central and western China
	
	−2.117 *
	



	
	
	(1.092)
	



	SampleStartTime
	−0.029 *
	
	



	
	(0.015)
	
	



	SampleEndTime
	0.033
	
	



	
	(0.039)
	
	



	Industrial structure
	
	
	0.563



	
	
	
	(0.637)



	PGDP
	
	
	0.244 *



	
	
	
	(0.140)



	En_Tech
	
	
	−0.152 **



	
	
	
	(0.075)



	Tpopulation
	
	
	−0.305



	
	
	
	(0.371)



	_cons
	−9.127
	0.969 *
	0.019



	
	(73.219)
	(0.556)
	(0.387)



	Observations
	51
	20
	12



	R-squared (%)
	4.400
	8.460
	22.150



	Wald
	3.430
	4.660 *
	6.440



	Residual heterogeneity
	
	
	



	tau2
	1.089
	3.340
	0.009



	I2(%)
	99.86
	99.930
	75.95



	H2
	703.64
	1522.340
	4.16







Note: ** and * indicate that the coefficients are significant at the statistical level of 5% and 10%, respectively.
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Table 6. Main effect of urbanization on carbon emissions in different regions.
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	Geographic Location
	Studies
	Effect
	Q
	tau2
	%I2
	H2





	Mainland China
	11
	0.966 *
	3481.15 ***
	2.607
	99.92
	1243.03



	Eastern region
	5
	1.280 *
	317.07 ***
	2.199
	99.92
	1267.30



	Central and western regions
	4
	−1.291
	50.23 ***
	8.368
	99.95
	1884.26



	Overall
	20
	0.640
	4709.50 ***
	3.649
	99.96
	2435.47







Note: *** and * indicate that the coefficients are significant at the statistical level of 1% and 10%, respectively.
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Table 7. Results of subgroup analysis.
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	Moderator
	Category
	Number of Effect
	Composition Effect
	Q
	tau2
	%I2
	H2
	Qb





	Model settings
	Fixed effects model
	36
	0.236 ***
	3995.03 ***
	0.065
	97.91
	47.86
	



	
	Non-fixed effects model
	2
	0.159
	3.51 *
	0.015
	71.55
	3.51
	1.13



	Time span
	Largen (>16)
	21
	0.315 ***
	3655.81 ***
	0.084
	98.19
	55.19
	



	
	Small (<=16)
	17
	0.144 ***
	146.82 ***
	0.014
	87.36
	7.91
	4.76 **



	Sample size
	Large (>180)
	13
	−0.079
	818.18 ***
	1.608
	99.93
	1519.40
	



	
	Small (<=180)
	25
	0.308 ***
	880.74 ***
	0.050
	95.03
	20.12
	0.50







Note: ***, **, and * indicate that the coefficients are significant at the statistical level of 1%, 5%, and 10%, respectively. A random-effects model was used; Qb represents the Q-test for heterogeneity between groups.
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